With the continued popularity of location services and the application of Internet of Vehicles, the location big data of outdoor activities which is composed of geographical data, vehicle track and application record and so on has used to obtain the perception of the law of human social activities at present. Based on trajectory pretreatment and clustering, this paper proposes a collaborative mining algorithm of the special location based on the dimension reduction of the location big data of outdoor activities, to carry out dimension reduction analysis on the location complex network on the temporal and spatial scales respectively, so as to establish the study and inference method related to the mobility of the community as a whole. Experiments show that this algorithm can effectively extract the regular route of the user, and can enhance the awareness of people to the broader economic activity of the human society and natural environment, so as to reflect the true value of the location big data of outdoor activities.
INTRODUCTION
Location based service (referred to as LBS for short) is an emerging mobile computing service in recent years. The development of location service mainly needs to attach importance to two aspects of abilities: The ability to provide the location and the ability to understand the location. In terms of the provision of location, along with the development of the indoor and outdoor seamless positioning technology and the enhanced system technology, the positioning accuracy is improved constantly (Mohanty, Jagadeesh and Srivatsa, 2013; Wu and Ester, 2015; Zeng, Sun, Duan, Liu and Wang, 2013) , which has basically met the need of production and life of people in the mass application level; In terms of the ability to understand the location, however, there are a lot of challenges at present, which is the hot spot of attention of the academia and industry. Understanding the location is actually to understand the human activities, human emotions and human environment reflected from the location, therefore, it is also known as ubiquitous mapping or location-based social awareness (Gomes, Gaber, Sousa and Menasalvas, 2013; Balamurugan, Bhuvana and Pandian, 2012; Langseth and Nielsen, 2012) .
Location big data of outdoor activities is an important resource to constitute ubiquitous mapping or location-based social awareness, which is of considerable volume. In recent years, in the location based service, data mining and machine learning field, a batch of excellent research on the location big data of outdoor activities has emerged. The data set that they utilized has reached the level of "Big" datain the volume and complexity (García-Cumbreras, Montejo-Ráeza and Díaz-Galiano, 2013; Xue, 2013; Swan, 2013) .
The location big data of outdoor activities mainly comes from the Internet of vehicles (referred to as IOV for short), mobile social networking and micro-blogging and other emerging Internet applications, with fast update speed and a great deal of inaccuracy (Data, 2014; Li and Zhu, 2014) . At the same time, usually due to the objective and constraints in the aspects of data acquisition technology etc., these data cannot fully and correctly reflect the whole picture of the object being observed, therefore, has the complex yet sparse feature (Boyd and Crawford, 2012) . How to gain value from the location big data of outdoor activities, and then further discover the law of human social activities, is a question well worth exploring (Murdoch and Detsky, 2013) .
We have elaborated the significance and value of the location big data of outdoor activities from the associated application point of view. A lot of classic big data scientific research shows that, the data results after the value extraction and collaborative mining can link some seemingly unrelated events together very well, so as to "directly" reflect some results from the data level which may have to be obtained from complex causal modeling, and with more intuition and accuracy (Barrett, Humblet, Hiatt and Adler, 2013; Fan and Bifet, 2013) . These cases are also instructive to the research of location big data of outdoor activities.
In this paper, on the basis of the trajectory pretreatment and clustering, a spatial location collaborative mining algorithm of dimension reduction based on the location big data of outdoor activities is proposed, to carry out dimension reduction analysis on the location complex network from the temporal and spatial scales respectively, so as to establish the study and inference method related to the mobility of the community as a whole. 
DIMENSION REDUCTION ANALYSIS ON THE LOCATION BIG DATA OF OUTDOOR ACTIVITIES

Dimension Reduction Processing on the Spatial Scale
Dimension reduction analysis is a very important step in the big data processing, for the dimension reduction processing for LBDN on the spatial scale, its core is to reduce the area in R=   12 , ,..., n r r r or reduce the edge in L, through the analysis of the key component to obtain the global feature (as shown in Figure 1 ). 
 (1) Wherein, due to the fact that Carry Out Dimension Reduction in Accordance with the Principal Components. The super medium dimension reduction method is for the R in LBDN, in addition, the principal components analysis (referred to as PCA for short) can also be utilized to carry out spatial dimension reduction analysis on i [4].
Dimension Reduction Processing on the Temporal Scale
In the previous paper, we mentioned that Ts=  12 , ,..., m t t t , which usually means to divide one day into m time slices to observe the LBD. In fact, only when significant difference is observed for the entire mobile mode of the moving objects under their respective time slices, the division of time slice is meaningful. Therefore, how to search for and quantify this kind of "Significant Difference"?
Without loss of generality, we observe a certain mobile behavior feature of each moving object in 24 hours a day / let 12 , ,..., 
  
Assume that the day is divided into two time slices, then according formula (2) the probability distribution of each observation sample feature f under the respective time slice is calculated, which is recorded as () pf and () Qf , and the distance of which can still be measured with KL divergence as the following:
Hence, only when the time slices are divided by arg max ( || )  it t KL P Q , the division has the most significance. Similarly, such division can adopt a greedy dichotomy to continue the division further, until the distance difference of the two features f of the division is less than the threshold value.
At this point, a flexible and relatively accurate time slice division Ts=  12 , ,..., m t t t (each of the time slice obtained may not necessarily align with the whole point of time), and at the same time making m minimum and with significance.
FEATURE CORRELATION AND COLLABORATIVE MINING
There is also a prominent problem in the research of big data, i.e., the sparseness of data leading to the distortion of the results. The reason is that groups tend to gather at certain places that they prefer, which will cause that the density of the observation data at these places is too high. On the other hand, in the area that the density data is needed, due to the lack of acquisition method, it is impossible to obtain the record of the real location.
The main cause of the sparseness of the location big data of outdoor activities is related to both the sampling means and the sampling objects:
(1) In some location areas, it is naturally lack of the access of mobile object (such as new road segments and remote areas, etc.);
(2) The mobile preferences of the specific acquisition object group makes some location area rarely accessed by this group, while the data of other groups who often access are hard to acquire; (3) Due to the restriction of the objective conditions such as communication, storage, etc., the acquired data is discontinued on the temporal scale, which can also cause the sparseness on the temporal scale. To solve these problems, it is necessary to make use of some collaborative mining methods to restore overall sample.
Collaborative Mining on the Spatial Scale
Space Area Clustering
The correlation clustering of location area is one of the main means of solving the sparseness of the spatial data. It mainly adopts the static feature  S of the area to constitute a set of feature vector, by the application of the Euclidean distance and Mahalanobis distance between the vectors, cosine similarity and other common methods to measure the differences of all the feature vectors, and by the adoption of a hierarchical clustering method, to cluster the areas with similar feature, so as to use the area with the relatively more data samples to "replace" the areas with relatively less data samples[3，16].
Collaborative Filtering
Unlike the area clustering idea, the collaborative filtering algorithm is adopted to supplement for the integrity of the data. Let M i matrix record the traffic flow of each location area under each time slice (such as certain traf f ), due to the data acquisition problem, there is lack of certain regional data. Herein the idea of collaborative filtering is adopted to estimate the missing data as the following.
The collaborative filtering is in fact a kind of item clustering method on the basis of the PCA obtained based on matrix fractal, which is widely applied in recommender systems. The common matrix fractals are UV decomposition and SVD decomposition, etc.
Take 
Similarly, make changes on an element xy V of V, so as to make the RMSE value minimized.
According to the explicit solution of formula (6) and formula (7), the search process for the optimal solution can be directly completed.
Generally, in order to highlight the role of the local feature of the location area in the collaborative filtering () ， RESE M M to control the optimization search direction, so as to restore it into more accurate global data. It is noticed that fractal matrix obtained through UV decomposition or SVD decomposition is far less in the dimension than the original matrix, which is very beneficial to big data analysis. Finally, in practical analysis of the location big data of outdoor activities, if the time dimension is introduced, it is possible to carry out collaborative filtering on 1 C or 2 C , which requires the use of high order singular decomposition (referred to as HSVD for short) [27] , at the same time, if the "value" in matrix 1 M or 2 M is a feature vector that is composed of multiple local features, formula (4) needs to be redefined, and the calculation method of the vector distance is introduced to measure the overall difference.
Coordinated Mining on the Temporal Scale
Associate the extracted feature from LBD with a particular application, and it is easy to establish the probability graphical model on the temporal scale. Therefore, the collaborative mining on the temporal scale can select the HMM [40], conditional Markov model (referred to as the CMM for short) or conditional random fields model (referred to as CRF for short) [14] with flexibility for processing.
In the location data probability graphical model, the state sequence 12 ... ， SS is normally defined as the knowledge to be acquired through the location big data of outdoor activities knowledge (for example, the human emotions within the area, the environmental pollution of the area, etc.), and the observation sequence is defined as the location feature 1
, make use of the three fundamental issues of the graphical model, then the collaborative mining on the scales can be completed.
EXPERIMENT ANALYSIS
Experiment Design
This paper adopts two sets of data set to perform verification on the efficiency and effectiveness of the algorithm respectively. Data set 1 has recorded 178 users, and their location track of the outdoor activities from 2011 to 2011. The regular route per user per month is extracted from this data set. Data set 2 comes from the location track record of the outdoor activities of 37 users for two weeks, and then each user gives rating on the extracted regular route and the recognized motion pattern. The content of the rating includes:
Recall Rate: Whether all the regular routes are detected (1 ~ 5 points); Accuracy Rate: Whether the detected route is correct (1 ~ 5 points); Correctness of the motion pattern: Whether the judgment is correct (1 ~ 5 points).   is set, a total of 31 regular routes is obtained, as shown in Figure 2 (b) (The result has filtered out the routes that are shorter than 2 km). As can be seen from the results, the law of the extracted routes basic covers the main streets of the city, which is relatively densely populated in the northwest corner of the city, which is where the data set is released.
Experiment Results
Figure 2. Regular Routes Extracted under Different threshold Values
On data set 2, 72 regular routes are obtained in the mining. The users give ratings on the mining results and the motion mode recognition results. The average result of all ratings is shown in Table 1 . As can be seen from Table 1 , users are satisfied with the overall results of the mining. In addition, in the motion pattern recognition, due to the ignorance of the travel by bike, the maximum speed of bicycle has reached 27 km/h in the record, which is far from the driving speed during the urban road congestion.
Algorithm Performance Analysis
Given that there is few regular routes mining algorithm based on the history course at present, the experiments cannot be compared with the existing methods, therefore, only the performance of the proposed methods in this paper is considered. Table 2 shows the change of requirements of each step of the algorithm on the storage space. The first line is the number of records for each step. And the second line is the proportion to the original data. As can be seen from the results, relative to the original data set, the extracted routes require very small storage space. Figure 3 shows the analysis of the influence of the grid size to the performance of the algorithm. Figure 3  (a) gives the trend of change of the trajectory mapping error and the number of time series with the change of the grid size. With the increase of the grid size increases, the mapping error trajectory shows linear increase, while the number of time series show exponential decline. Figure 3 (b) gives the influence curve of the number of the time series on the computing performance of the algorithm. With the increase of the number of the time series, the computing time required for the extraction of the regular routes show significant trend of increase. Therefore, the selection of the grid size shall be appropriately adjusted on the grid error and grid number. As can be seen from the Figure 3 , when the grid size is larger than 10", after the trend of the reduction of the number of grids slows down markedly, the error still continues to increase. At the same time, when the grid size is 10 ", the average mapping error is about 50m or so, which can meet the distinguishable distance of most of the city roads. To sum up, this paper selects 10 " for the grid size. Figure 5 shows the motion pattern recognition accuracy rate curve under different stop rate threshold values. In the data set 1, 69 users mark the motion pattern of the GPS trajectory. There are a total of 89 regular routes, and the motion pattern is recognized. As can be seen from the results, after appropriate threshold at low speed is set, the accuracy of the method can reach 0.876, which has been greatly improved compared with accuracy of 0.6 on the data set. 
CONCLUSION
Based on the records of the location big data of outdoor activities, this paper puts forward a kind of spatial location collaborative mining algorithm of the dimension reduction based on the location big data of the outdoor activities, from the temporal and spatial scales to carry out the dimension reduction analysis on the location complex network respectively, so as to establish the study and inference method related to the mobility of the entire community as a whole. And through the test on two sets of data set, the effectiveness and robustness of the method is demonstrated. The measurement results (Namely, location) on the physical world are extended to the measurement of human society, which will form a kind of intelligent, socialized ubiquitous mapping computation. Therefore, the analysis method of the location big data of outdoor activities elaborated in this paper is of vital significance.
